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ABSTRACT 
An algorithm developed to identify, delineate, and derive the morphology of drained 
depressional features within a landscape was applied to the Iowa portion of the Des Moines Lobe 
(DML-IA) geomorphic sub-region of the Prairie Pothole Region of North America (PPR), using 
high resolution LiDAR derived Digital Elevation Models (DEMs). Nearly 240,000 unique 
upland depressions were identified and their individual morphologies determined. Testing of our 
algorithm against an algorithm designed to integrate over triangulated surface representations of 
975 randomly selected depressions from the DML-IA dataset reveals that our computational 
process produces morphology results to within 0.3 and 2% of those obtained using the latter 
process, and is nearly 3 orders of magnitude faster. Maximum areas of inundation, maximum 
depths, and maximum storage volumes were determined to follow a power-law distribution. 
Maximum volume was determined to be strongly related to maximum area through a power-law 
model, the coefficients of which appear to vary significantly from other areas of the PPR, but are 
in close agreement with values obtained for small sub-areas of the DML-IA, and for a large river 
basin in North Saskatchewan, CN. While the majority (80%) of depressions within the DML-IA 
are less than 1 ha in area, these only comprise 9.8% of the total potential depressional storage 
and 25.6% of the total depressional wetland area of this landscape. More than half of the 
potential storage capacity is provided by depressions between 1 and 30 ha. 
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CHAPTER 1. GENERAL INTRODUCTION 
The Des Moines Lobe of Iowa (DML-IA), the southernmost portion of the Prairie 
Pothole Region (PPR) of North America, was characterized by wet meadows connecting 
depressional wetlands of a variety of types and sizes. Of the presettlement extent of wetlands, it 
has been estimated that only 5% remain, most of them having been drained for row-crop 
agriculture (Bishop et al 1998; Miller et al 2009; Crumpton et al 2012). There is a growing 
consensus among wetland experts that there is a critical need for information of the morphology 
of these numerous drained depressions to better understand their impact on downstream waters. 
(Galatowitsch and van der Valk 1996; Hayashi and van der Kamp 2000; Gleason et al 2005; 
Huang et al 2011; Rover et al 2011; Crumpton et al 2012; Shaw et al 2013). 
Typically, studies concerning depressional morphology have involved extrapolating 
either from available data to larger regions or to other areas within a surveyed catchment. For 
instance, Haan and Johnson (1967) manually and photogrammetrically surveyed a small subset 
of sites within a targeted drainage basin and applied characteristic means as well as power-law 
regression equations to unsurveyed locations. Moreover, there have been a number of studies 
that sought to derive depressional morphology through mathematical models with power-law 
volume-depth-area relationships fitted to either values found in the literature or a small number 
of surveyed depressions in a single catchment or hydrogeomorphic region (Hayashi and van der 
Kamp 2000; Brooks and Hayashi 2002; Gleason et al 2007; Nilsson et al 2008; Lane and 
D’Amico 2010; Shook and Pomeroy 2011). 
Extrapolating depressional morphology to unsurveyed wetlands based on a comparatively 
small selection of training sites can lead to error in key morphologic characteristics (e.g. 
maximal storage volume and total inundation area) (Lane and D’Amico 2010; Minke et al 2010). 
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When applying such models to larger areas, and other regions, errors could be compounded and 
negatively impact hydrological models. While the PPR is a distinct geomorphologic region, it 
has been noted that bulk morphologic characteristics vary between sub-regions of the PPR and 
the possibility for compounding errors is even more of a concern (Gleason et al 2007). 
Because of the importance of this information and because of the shortcomings in 
determining depressional morphologies for unsurveyed areas, the need to automate the 
delineation and characterization of these depressional features for any arbitrary study area is 
critical. A number of recent studies (e.g. Shaw et al 2013; Huang et al 2013; Mekonnen et al 
2014; Wu and Lane 2016) have demonstrated the suitability of Light Detection and Ranging 
(LiDAR) high resolution topographic data for delineating depressional wetland boundaries and 
morphology and this type of work is possible thanks to publicly available regional LiDAR. 
However, most of these studies have focused on small individual drainage basins. 
Currently, there is little information about depressional wetland morphology for the 
entirety of the DML-IA despite the recent focus on depressional wetland restoration in the region 
(Galatowitsch and van der Valk 1996). Recently, Van Meter and Basu (2015) have characterized 
the size distributions of depressions across the region but critical information regarding volume 
and depth distributions within this region remains undeveloped. Because Iowa’s depressional 
wetlands are mostly drained, it is possible to obtain detailed information on their size, depth, and 
volumes using LiDAR derived DEMs (Digital Elevation Model). 
To meet the aforementioned need for information for DML-IA depressional morphology, 
we developed an algorithm which uses a unique combination of geoprocessing tasks and 
numerical computation to identify, delineate, and derive the morphology of all drained 
depressions within a DEM of arbitrary resolution. The algorithm was then applied using 3 m 
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hydrologically enforced DEMs (Gelder 2015), comprising the entirety of the DML-IA to derive 
detailed information about the morphology of depressional wetlands within the region. The 
resulting data was subsequently used to statistically characterize the bulk morphologic properties 
of drained upland depressions within this region, and to estimate the total potential water storage 
capacity of these systems with respect to their size, depth, and volume distributions. 
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CHAPTER 2. MORPHOLOGIC CHARACTERIZATION OF UPLAND 
DEPRESSIONAL WETLANDS ON THE DES MOINES LOBE OF IOWA 
 
A paper to be submitted to the journal Wetlands 
Samuel M. McDeid, David I. Green, William G. Crumpton 
 
Abstract 
An algorithm developed to identify, delineate, and derive the morphology of drained 
depressional features within a landscape was applied to the Iowa portion of the Des Moines Lobe 
(DML-IA) geomorphic sub-region of the Prairie Pothole Region of North America (PPR), using 
high resolution LiDAR derived Digital Elevation Models (DEMs). Nearly 240,000 unique 
upland depressions were identified and their individual morphologies determined. Testing of our 
algorithm against an algorithm designed to integrate over triangulated surface representations of 
975 randomly selected depressions from the DML-IA dataset reveals that our computational 
process produces morphology results to within 0.3 and 2% of those obtained using the latter 
process, and is nearly 3 orders of magnitude faster. Maximum areas of inundation, maximum 
depths, and maximum storage volumes were determined to follow a power-law distribution. 
Maximum volume was determined to be strongly related to maximum area through a power-law 
model, the coefficients of which appear to vary significantly from other areas of the PPR, but are 
in close agreement with values obtained for small sub-areas of the DML-IA, and for a large river 
basin in North Saskatchewan, CN. While the majority (80%) of depressions within the DML-IA 
are less than 1 ha in area, these only comprise 9.8% of the total potential depressional storage 
6 
 
and 25.6% of the total depressional wetland area of this landscape. More than half of the 
potential storage capacity is provided by depressions between 1 and 30 ha.  
 
Introduction 
 The Des Moines Lobe of Iowa (DML-IA) represents the southernmost extent of the 
Prairie Pothole Region of North America (PPR). Prior to European settlement this landscape was 
characterized by wet meadows connecting depressional wetlands of a variety of types and sizes. 
Since settlement, approximately 95% of Iowa’s wetlands have been drained and converted to 
cropland (Bishop et al 1998; Miller et al 2009; Crumpton et al 2012). The morphology of these 
numerous drained depressions is not well quantified, and there is a growing consensus among 
wetland experts that there is a critical need for this kind of information to better understand the 
hydrology of this modified landscape (Galatowitsch and van der Valk 1996; Hayashi and van der 
Kamp 2000; Gleason et al 2005; Huang et al 2011; Rover et al 2011; Crumpton et al 2012; Shaw 
et al 2013). 
Depressional morphology has typically been obtained through manually or 
photogrammetrically surveying a small subset of sites within a targeted drainage basin, and by 
applying characteristic mean or power-law regression equations to unsurveyed locations (Haan 
and Johnson 1967). Alternatively, researchers have attempted to mathematically model 
depressional morphology using power-law volume-depth-area relationships fitted to a 
comparatively small training dataset obtained from surveys within a single catchment or 
hydrogeomorphic region, or through values published in the literature (e.g. Hayashi and van der 
Kamp 2000; Brooks and Hayashi 2002; Gleason et al 2007; Nilsson et al 2008; Lane and 
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D’Amico 2010; Shook and Pomeroy 2011). In each case, the morphologies of unsurveyed 
depressions are extrapolated from available data to larger regions, or to other areas within a 
surveyed catchment. Extrapolation of depressional morphology to unsurveyed wetlands based 
upon a comparatively small selection of training sites can result in increased error in critical 
measures of depressional morphologic characteristics such as maximal storage volume and total 
wetted area (Lane and D’Amico 2010; Minke et al 2010). When extended to larger areas, errors 
may become compounded and adversely impact hydrological models dependent on this 
information. This may certainly be the case for depressions occurring within the PPR as bulk 
morphologic characteristics such as total storage volume and wetted areas tend to differ between 
sub-regions (Gleason et al 2007).  
 Because of the shortcomings in determining depressional morphologies for unsurveyed 
areas, and the importance of this information to wetland management and research activities in 
larger geographical regions, there is a need to automate the delineation and characterization of 
these depressional features for study areas of arbitrary size. This type of work is now possible by 
leveraging publicly available regional Light Ranging and Detection (LiDAR) high resolution 
topographic data. Recent studies within various regions of the PPR have demonstrated the 
suitability of LiDAR derived Digital Elevation Models (DEM) for delineating, to varying 
degrees of success, depressional wetland boundaries and morphology (e.g. Shaw et al 2013; 
Huang et al 2013; Mekonnen et al 2014; Wu and Lane 2016), however these studies have 
focused on either individual basins or a small set of basins.  
Despite the recent focus on depressional wetland restoration in this region (Galatowitsch 
and van der Valk 1996), there is currently little information about depressional wetland 
morphology for the entirety of the DML-IA. Only recently have researchers attempted to 
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characterize the size distributions of depressions across the region (Van Meter and Basu 2015), 
and critical information regarding volume and depth distributions within this region remains 
undeveloped. Because Iowa’s depressional wetlands are mostly drained, it is possible to obtain 
detailed information on their size, depth, and volumes using LiDAR derived DEMs. To meet the 
expressed need for information about wetland depressional morphology for the DML-IA, we 
developed an algorithm which uses a unique combination of geoprocessing tasks and numerical 
computation to identify, delineate, and derive the morphology of all drained depressions within a 
DEM of arbitrary resolution. The algorithm was subsequently applied to 3 m hydrologically-
enforced DEMs (Gelder 2015) comprising the entirety of the DML-IA to derive detailed 
information about the morphology of depressional wetlands within this region. The resulting data 
was then used to statistically characterize the bulk morphologic properties of wetland 
depressions within this region, and to estimate the total water storage capacity of these systems 
with respect to their size, depth, and volume distributions.  
 
Methods 
Study Area 
 The Des Moines Lobe (DML) is a sub-region of the Glaciated Plains region of the PPR 
extending from west-central Minnesota to central Iowa. The Des Moines Lobe of Iowa (DML-
IA) is the 31032 km2 portion of the larger DML that is contained within the boundaries of the 
state of Iowa (Figure 1). The DML-IA is a low-relief landscape cut by relatively deep river 
valleys running diagonally north-northwest to south-southeast across the region. The uplands 
between river valleys tend to be relatively flat. Prior to European settlement of the area, this 
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region of the PPR was characterized as possessing a many permanently or ephemerally ponded 
depressional wetlands (aka Prairie Potholes) connected by wet meadows (Galatowitsch and van 
der Valk 1996). The potholes of which have been estimated (using information on soil 
characteristics) to have comprised up to 25% of the total land area (Miller 2006). However, the 
uplands of the DML-IA have been largely converted to agriculture with an extensive network of 
subsurface tile drains and surface drainage ditches (Haan and Johnson 1967), and nearly all of 
the original wetlands were drained long ago.   
While the DML is a continuous geomorphic region, the focus of this research was 
constrained to the DML-IA alone, in part because of the extensive drainage of depressional 
wetlands within this sub-region, and because of the availability of hydrologically corrected 
LiDAR derived DEMs. 
Hydrologically Enforced Bare Earth LiDAR 
 LiDAR data was flown for the DML-IA from 2006 to 2010 as part of a state-wide data 
collection effort (Gelder 2015). Data was collected either in the spring before leaf-out or in the 
fall after leaf abscission to minimize error from vegetation. Subsequent processing of the LiDAR 
dataset was conducted to produce a continuous bare-earth DEM, which was further corrected to 
enforce hydrological connectivity of flow pathways through human-made landscape features 
such as bridges and roadways (Gelder 2015). Data were obtained as individual 3 m (horizontal) 
and 0.01 m (vertical) resolution continuous raster elevation datasets clipped to the boundaries of 
United States Geological Survey (USGS) 12 digit Hydrological Unit Code (HUC12) watersheds. 
The vertical accuracy of LiDAR data is reported to be 0.18 m (Wu and Lane 2016).  
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Algorithm Structure 
 The algorithm developed and used in this study (herein referred to as the Surface 
Depression Morphology Tool – SDMT) was designed to quickly and efficiently identify and 
delineate depressional basin boundaries and tabulate depth-area-volume data and relationships 
for all depressions resulting from fillable sinks identified within a supplied DEM. The algorithm 
was coded in the Python 2.7 programming language and uses the ArcPy (Esri 2016) and Pandas 
(McKinney 2010) object models. As illustrated in Figure 2, the process begins with an input bare 
earth DEM (Figure 2a) which is subsequently filled (Figure 2b) using the process developed by 
Tarboton et al. (1991). The resulting filled raster is then subtracted from the original supplied 
DEM to yield a continuous raster of depressional depths below basin boundaries and 
corresponding depressional basin boundary polygons (Figure 2c). The depressional depths raster 
identifies all non-depressional areas within the domain as having elevations of 0, and 
depressional areas as having positive non-zero values. This derivation of depressional depths is 
similar to the processes used by Gusman et al (2001), Van Meter and Basu (2015) , and Wu and 
Lane (2016). The depressional basin depth raster is then regionalized and aggregated, resulting in 
a raster representing unique identifiers for each depression within the domain. The depressional 
depth and identifier rasters are subsequently combined to produce a table of all depression IDs, 
corresponding depths, and corresponding cell counts (Figure 2d). 
Derivation of Depressional Morphology 
Depressional morphology is determined on a depression-by-depression basis using the 
combined output. The algorithm is designed to work upward from the basin floor to the 
maximum depth of inundation corresponding to the maximum area of inundation (hmax and Amax 
respectively; Figure 3). The dynamic area of inundation (A(h)); m2) is calculated as a sum of the 
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area of all the cells equal to and greater than the depth increment (higher values represent lower 
cells):  
𝐴(ℎ) =  ∑ 𝑛𝑖∆𝑥∆𝑦
ℎ𝑚𝑎𝑥
𝑖=0      (1) 
where n is the number of cells in the layer i corresponding to the depth hi (m), and ∆x∆y is the 
spatial resolution of the DEM (m2).  Likewise, the storage volume as a function of depth (V(h); 
m3) is a summation of the product of the cell count for each unique depth layer and the difference 
of the current depth increment and the next from the basin floor up to the spill elevation: 
𝑉(ℎ) =  ∑ 𝑛𝑖(ℎ𝑖+1 − ℎ𝑖)∆𝑥∆𝑦
ℎ𝑚𝑎𝑥
𝑖=0     (2) 
This process is analogous to numerical three-dimensional Riemann integration over the 
depressional feature between the limits h = 0 and h = hmax and is similar to the method of Le and 
Kumar (2014). This method is simpler and more efficient than integration over triangular 
irregular networks (TINs) used by some algorithms such as that featured in the Esri Surface 
Volume Tool (ESVT), which is, in turn, based on the algorithm developed by Watson (1992). An 
example of the morphology table output produced by the algorithm for one of the depressions 
within the DML-IA is given in Table 1. Figure 4 provides examples of the morphologic curves 
(i.e. A(h) and V(h) versus h) obtained for this same depression. 
The algorithm presented here treats every depression as a single continuous feature, and 
does not differentiate between depressions contained within a larger connected wetland basin 
complex. Thus adjacent depressions may exhibit fill-merge behavior (e.g. Leibowitz et al 2016; 
Wu and Lane 2016) if connected by one or more internal spill points; these are treated as a 
single, larger basin, the integrated morphology of which is reflected in the algorithm output. 
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Results and Discussion 
Application of the Algorithm to the DML-IA 
 The algorithm outlined above was applied to the entirety of the DML-IA. Elevation grids 
were organized by USGS HUC8 watershed boundaries and subsequently processed on a per-
watershed basis. The output for each HUC8 watershed was collated into a master database table 
containing the unique identifier of each depression and corresponding estimates of h, A(h), and 
V(h) for the entire DML-IA. The total program runtime for the entire region, executed on a Dell 
PowerEdge Server (32GB of RAM; 3.2Ghz 24 Core Intel Xenon processor) running Windows 
Server 2012, was estimated to be approximately 1.05 hrs, with an average per-feature execution 
time of 1.2 ms. 
Filtering of Raw Output 
In total, 3.3 million depressional features were identified and delineated from the initial 
DEM processing. These features represented small single or multi-cell pit errors in the input 
DEMs, human-made topographic features (i.e. roadside ditches and embankments, quarries, 
partially filled ponds and reservoirs), and naturally occurring depressions (drained prairie 
potholes). Non-depressional wetland features were removed from the dataset through a 
combination of automatic and manual filtering using National Hydrological Dataset Plus 
(NHD+) feature datasets (lakes, ponds, and large waterways), Iowa roadways vector datasets, 
and high resolution (1 m) 2010 aerial imagery obtained from the U.S. Department of 
Agriculture’s National Agriculture Imagery Program (NAIP). Depressional features adjacent to 
roadways and drainage ditches were automatically removed from the original, unfiltered dataset, 
as were features which intersected NHD+ flow lines and which were located in urban areas. The 
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entire region was then visually scanned, and incorrectly removed features were then reinserted 
into the dataset.  
Aerial imagery for 2010 was used to help identify likely depressional features by visual 
inspection of evidence of depressional flooding or crop loss due to water stress resulting from 
above normal precipitation (Figure 5). The filtered dataset was further refined to include only 
those depressions occurring within upland regions and possessing maximum inundation areas 
greater than 0.04 HA (the minimum area used by Van Meter and Basu 2015)  and maximum 
depths greater than 0.18 m (the vertical accuracy of the LiDAR data). It is difficult to determine 
if floodplain depressions have meaningful water storage due to complicated water table and 
flooding dynamics, thus depressions occurring on soils derived from alluvium were removed, 
leaving primarily upland depressions. The soil geography groupings used are enumerated in 
Table 2 (Bradley Miller, 2017, Iowa State University, personal communication).  
The final dataset contained 223,919 features reasonably considered to be currently 
drained depressional wetlands. The exclusion criteria used may have inadvertently misidentified 
some features as being non-depressional (e.g. depressions that had a small overlap with flowlines 
or waterbodies). However, such exclusions or misidentifications are inevitable when using high 
resolution remotely sensed data, and a certain degree of unmeasureable error is implicit in the 
algorithm processing results. Thus, the results presented here assume that the LiDAR derived 
DEM is an accurate representation of the actual land surface elevations of the DML-IA; an 
assumption implicit in all DEM-based derivations of land surface information (Abedini et al 
2006). 
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Morphology of Upland Depressions  
The 223,919 drained depressions identified in this study have a total area of 227,464.4 ha 
comprising approximately 7.2% of the land surface of the DML-IA. The total potential storage 
volume of all depressions is approximately 834,612,724 m3 (83,461 ha-m). For reference, this 
volume is 105% of the flood storage pool volume of the Saylorville Lake flood control reservoir 
north of the city of Des Moines, Iowa (US Army Corps of Engineers 2010). These bulk statistics 
reflect total potential area and volume for upland depressions that are surficially intact. It is very 
likely that the largest of depressional wetlands on the landscape were drained with surface 
drainage ditches rather than subsurface tile. Any depression that was drained with a surface ditch 
is likely not represented in this dataset and thus total potential area and volume only reflect what 
is on the contemporary landscape. Further study is needed to quantify lost depressional area and 
volume due to surface drainage ditches. 
Figure 6 is a plot of rank-ordered maximum inundation area versus percent cumulative 
values for both Amax and Vmax for the entire dataset. This figure suggests that while 
approximately half of all the upland depressions are less than the median area of all depressions 
(0.33 ha; n = 112,501), these basins comprise only approximately 8.5% of the total depressional 
area over the DML-IA, which corresponds to approximately 13.1% of the total depressional 
storage volume for the region. In contrast, depressions having areas between the median and the 
90th percentile (2.0 ha; n = 34,294) comprise about 40% of the total upland depressional area, but 
only about 11% of the total volume. These results imply that while the majority of depressions in 
the DML-IA are less than 2 ha in size (~90%), these basins only comprise approximately 19% of 
the total potential upland depressional storage volume for the region. Thus, approximately 81% 
of the total depressional storage is contained within less abundant but larger systems.  
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Summary statistics of depressional morphologic attributes are given in Table 1. As shown 
in Figure 7, frequency relationships for Amax, Vmax, and hmax are reasonably described using a 
power-law model, which is in accordance with the findings of Van Meter and Basu (2015) from 
their analysis of the distribution of depressional areas within the DML-IA. Our findings are, 
however, in contrast to those of Haan and Johnson (1967), who found that the distribution of 
Amax for depressional wetlands surveyed at two locations within the DML-IA (Emmet County 
and the East Fork of Hardin Creek Watershed in Jefferson County, Iowa) was reasonably 
modeled using a Weibull PDF (n = 300).  The distributions of hmax and Vmax of depressional 
wetlands has not, to our knowledge, been presented elsewhere. Thus, a comparison of the 
distributions describing our delineations with other studies cannot be conducted at this time. 
However, a comparison between reported means of bulk morphologic properties can be 
instructive about the differences in bulk depressional characteristics between sub-regions of the 
PPR. Haan and Johnson (1967) report means of 1.01 ha, 2714 m3, and 0.32 m for estimates of 
Amax, Vmax, and hmax, respectively. Likewise, for depressions surveyed in the Assiniboine River 
basin in Saskatchewan, Canada (a Glaciated Plains region with an arguably similar glacial 
history to the DML-IA) Weins (2001) gives means of 1.02 ha and 5890 m3 for maximum area 
and maximum volume, respectively, for basins with areas less than 10 ha in size (n = 96). 
Likewise, Hubbard (1982) report means of 0.52 ha, 3200 m3, and 0.81 m for Amax, Vmax, and 
hmax, respectively, for the Prairie Coteau region of the PPR.  
Expectedly, our results are nearly identical to those presented by Haan and Johnson as 
both studies focus on the DML-IA (1967), affirming their conclusion that the morphology of 
depressions does appear to vary significantly between sub-regions within the DML-IA. While 
the means of Amax are similar between the DML-IA and the Assiniboine River basin, the mean 
16 
 
Vmax reported by Weins for the Assiniboine suggest that depressional wetlands within this region 
are significantly deeper, on average, than those contained within the DML-IA (2001). In 
contrast, depressions within the Prairie Coteau tend to be deeper and smaller than those on the 
DML-IA, and contain slightly greater water volumes, on average. 
Area-Volume Relationships 
 Previous studies have also evaluated the strength and form of the relationship between 
Amax and Vmax, which may provide a means to estimate total storage volumes for basins with 
standing water; characteristic of much of the PPR outside the drained regions of the Glaciated 
Prairie Region. In general, several studies have demonstrated that Amax and Vmax maintain a 
power-law relationship, the coefficients of which appear to be variable between regions of the 
PPR (Haan and Johnson 1967; Hubbard 1982; Galatowitsch and van der Valk 1996; Wiens 2001; 
Gleason et al 2007; Wu and Lane 2016). Table 4 summarizes the area-volume relationships 
presented by the some of the aforementioned researchers. Regression analysis between Amax and 
Vmax on all 223,919 depressions in our dataset yielded the relationship (R
2 ~ 0.93, p < 0.01): 
𝑉𝑚𝑎𝑥 = 2574𝐴𝑚𝑎𝑥
1.268      (3) 
where Vmax and Amax are expressed in m
3 and ha, respectively. Figure 8 shows the model 
developed in this study compared with the models presented by Haan and Johnson (1967) and 
Wiens (2001), and the models given in Gleason et al (2007) from their review and analysis of 
depressional morphology surveys conducted in small drainage basins within the Glaciated Plains, 
the Missouri Coteau, and the Prairie Coteau sub-regions of the PPR. Our results more closely 
match the exponents and intercepts obtained by both Haan and Johnson (1967) and Wiens 
(2001); with better agreement with the latter study. The discrepancy between our results and 
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Haan and Johnson's (1967), even though both studies focus on the DML-IA, likely arises from 
the comparatively small sample size used in their work (n = 300), and the coarseness of the data 
used to derive their results. The close correspondence between the regression given here and that 
presented by Wiens (2001) suggests, as also argued by him, that Assinibione River basin and 
DML-IA depressional wetlands share similar morphologic characteristics, likely stemming from 
the similar glaciation histories of the two regions.  
Comparison with Alternative Algorithms 
Assessment of the error associated with our method would require comparison of results 
of morphologic measurements made for physically surveyed systems within the DML-IA, or 
assessing the degree of correspondence in total derived inundation areas with estimates by 
obtained from aerial imagery. Surveyed data is difficult to obtain for this region, and thus is 
precluded as a means to assess the accuracy of our method. For the latter option, because most of 
the depressions are dry or only partially filled after some rain events, obtaining imagery of the 
extent of inundation for a random sampling of depressions is equally difficult. Besides, aerial 
imagery analysis would only provide an estimate of the error associated with maximum areas of 
inundation, and would not provide information about the error associated with individual 
depression morphology (i.e. depth-area-volume relationships).  
As stated previously, an assumption implicit in the analysis covered in this paper is that 
the LiDAR-derived 3 m DEM is an accurate representation of the actual land surface of the 
DML-IA (Abedini et al 2006). The gridded nature of DEMs and the processes used to derive 
them inevitably results in the obscuring or averaging out of features existing at scales smaller 
than the raster resolution (Abedini et al 2006).  Thus, the prudent approach to assess the error 
inherent in our method is to assume that the LiDAR data is everywhere accurate to within 0.18 
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m, and that any uncertainties arising from our process derive from the vertical accuracy of the 
LiDAR data from the gridded nature of the LiDAR-derived DEM.  
To obtain an estimate of the error associated with a gridded representation of the land 
surface, we opted to evaluate the results of our process with those derived from integration over 
a triangulated representation of depressional elevations for 975 randomly selected depressions 
falling with the following size classes: Amax < 0.316 ha, 0.316 ≤ Amax ≤ 0.63 ha, and Amax ≥ 0.63 
ha. For each selected depressional feature the depressional surface was triangulated and 
integrated over between h = 0 and hmax (the spill elevation) at 0.01 m increments using the Esri 
Surface Volume Tool (ESVT).  This analysis was based on the assumption that a triangulated 
representation is a more accurate representation of the continuous land surface than a gridded 
representation.       
The ESVT output included values for depression depth ht, inundation area(At(h)), and 
volume as a function of depth (Vt(h)), which were matched by depth (hg). These values were 
subsequently mapped, by depth, to corresponding areas and volumes derived from the SDMT 
algorithm Ag(h) and Vg(h), respectively). For clarity, the subscripts t and g in the previous terms 
represent the triangulated and gridded depressional surfaces, respectively. Estimates of Ag(h) 
were regressed against At(h) and Vg(h) against Vt(h), obtaining coefficients of variation (R2) 
estimates for area and volume for each depression in the error test set. This process was 
performed to assess the relative degree of correspondence between the output from the two 
algorithms. The bias inherent in the output from the SDMT, measuring the relative degree of 
over or under-estimation of dynamic volume and area, was estimated from the slope of the 
regression lines. 
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The mean absolute relative error (MARE) was used to assess the average error of both 
volume and area estimates obtained from our algorithm on a depression-by-depression basis: 
 𝑀𝐴𝑅𝐸 =  
∑
|𝐸𝑡−𝐸𝑔|
𝐸𝑡
ℎ𝑚𝑎𝑥
ℎ=0
𝑛
∗ 100    (4) 
where E represents the variables area or volume, hmax is the maximum depth, h is the dynamic 
depth, and n is the number of observed depth values in the depression. 
Comparison Results  
The average 𝑅𝐴
2 and 𝑅𝑉
2 for all of the tested depressions was 0.9997 and 0.999 
respectively, indicating that the SDMT produces depressional morphology results in nearly 
perfect agreement with the results obtained from the ESVT. However, our results suggest that the 
SDMT underestimates depressional volumes and areas by approximately 2.03 and 0.03%, on 
average, respectively. Bias for Amax and Vmax, as seen in Figures 9 and 10, approach 1 for Vmax > 
400 m3 and Amax > 1 ha, while overestimation and underestimation occur for values smaller than 
that. Thus, ESVT and SDMT estimates of Vmax and Amax converge as these values increase and 
good agreement is eventually obtained. It can be noted that bias appears to be impacted little by 
hmax. It is possible that the bias seen at smaller values could be explained by assumptions used in 
the ESVT triangulation which might alter the A(h) and V(h) estimates at small scales when 
compared to the gridded surface that is integrated over for the SDMT. 
Runtime for the ESVT test set, executed on the same server mentioned previously, was 
recorded to be approximately 17 hours and 21 minutes with an average per-feature execution 
time of 1.04 seconds. This equates to a runtime three orders of magnitude slower than the  
per-feature runtimes of the SDMT. This large disparity likely can be explained by the intensive 
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task of deriving a TIN for each feature and then integrating over that TIN. Runtime for the TIN 
derivation and integration is likely dependent on resolution. Most of the raster processing for the 
SDMT is also resolution dependent, however the table-based calculations used to derive the 
depressional morphology are not. 
 
Conclusions 
An algorithm designed to quickly and efficiently delineate and determine the morphology 
(depth-area-volume relationships) of drained depressions from supplied DEMs of arbitrary 
resolution and size was developed and applied over the entirety of the DML-IA. Maximum 
inundation areas, volumes, and depths were each identified to reasonably follow a power-law 
distribution, with small and shallow basins comprising the majority of depressions with the 
DML-IA. Of the 223,919 unique depression identified, nearly 80% are less than 1 ha in size. 
However, despite their prevalence, these small depressions comprise only approximately 25% of 
the total area identified as closed depressions, and only 10% of the total potential depressional 
flood storage capacity for the region. Thus much of the depressional flood storage potential for 
the DML-IA is contained within only approximately 20% of the depressions occurring on this 
landscape. These findings provide significant information regarding the flood storage potential of 
depressions, and the geospatial datasets developed in this work could be used in models of 
depressional fill-spill dynamics and surface flow routing across a wide range of scales (e.g. Shaw 
et al. 2013).  
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TABLES 
Table 1. Morphology table of an example upland depression in Webster County, IA 
ID n h Ah Vh 
07100006_309216 3 0.01 27 0.27 
07100006_309216 14 0.02 153 0.54 
07100006_309216 16 0.03 297 2.07 
07100006_309216 27 0.04 540 5.04 
07100006_309216 125 0.05 1665 10.44 
07100006_309216 81 0.06 2394 27.09 
07100006_309216 92 0.07 3222 51.03 
07100006_309216 68 0.08 3834 83.25 
07100006_309216 81 0.09 4563 121.59 
07100006_309216 71 0.1 5202 167.22 
… … … … … 
07100006_309216 119 0.62 49842 12803.49 
07100006_309216 136 0.63 51066 13301.91 
 
Table 2. Upland soil geography groupings 
Soil Geography Group Area (ha) 
Dows Till 1,496,214 
Dows Till Alluvium 1,017,062 
Lake Plain 183,343 
Alluvium 175,011 
Outwash 137,557 
Others 103,068 
 
Table 3. Summary morphology statistics of all derived upland depressions 
Attribute Mean 
Standard 
Deviation Min 
25th 
Percentile 
50th 
Percentile 
(Median) 
90th 
Percentile Max Total 
Vmax 
(m3) 
3,727 26,751 3 133 362 5,296 5,256,622 834,612,724 
Amax 
(ha) 
1.02 3.42 0.04 0.16 0.33 1.99 590.65 227,464.39 
Hmax  
(m) 
0.38 0.27 0.15 0.21 0.30 0.70 6.63 … 
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Table 4. Amax versus Vmax model comparison. 
Reference Physiographic Region Model R2 
Gleason et al (2007) 
Glaciated Plains V=2,500Amax1.4742 0.91 
Missouri Coteau V=3,980Amax1.542 0.91 
Prairie Coteau V=4,580Amax1.5611 0.94 
Haan and Johnson 
(1967) 
Emmet County and East 
Fork Hardin Creek 
V=1,204Amax1.38 0.90 
Wiens (2001) Assiniboine River Basin V=2,850Amax1.22 0.88 
This study Des Moines Lobe of Iowa V=2,574Amax1.268 0.93 
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FIGURES 
 
 
Figure 1. The PPR extending from Saskatchewan and Alberta into Nebraska and Iowa. The DML is 
identified as the southeastern most lobe of the region with the DML-IA being the portion of the lobe 
extending into Iowa. 
  
27 
 
 
Figure 2. Example of DEM fill, differencing, and region grouping of depressions located within Webster 
County, IA. 
 
a. Bare earth DEM as input. 
b. DEM with all depressions 
filled to their individual spill 
elevations. 
c. Result of differencing: 
depressional depths raster. 
d. Combined raster with 
unique combinations of 
depths for every depression. 
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Figure 3. Cross sectional view of a hypothetical depression showing h=0 at the basin floor and hmax at the 
spill elevation. 
 
 
Figure 4. Morphologic curves (A(h) and V(h) vs h) for an example depression. 
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Figure 5. Delineated depressional feature outlines (white) over 2010 aerial imagery during region wide 
flood conditions. 
 
Figure 6. A rank-ordered maximum inundation area versus percent cumulative values for both Amax and 
Vmax for the entire dataset. 
30 
 
 
Figure 7. Frequency to volume, area, and depth relationships for all upland depressions on the DML-IA 
showing the power-law model fit for each. Each point is the midpoint of 100 bins.  
 
Figure 8. All observations of Amax versus Vmax for the DML-IA with the model developed for this study 
and models for Haan and Johnson (1967), Wiens (2001), and Gleason et al (2007). 
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Figure 9. Two dimensional histogram of bias for the comparison between the ESVT and the SDMT 
outputs for dynamic area. 
 
Figure 10. Two dimensional histogram of bias for the comparison between the ESVT and the SDMT 
outputs for dynamic area. 
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CHAPTER 3. GENERAL CONCLUSIONS 
In this study we designed a quick and efficient algorithm for delineating and determining 
the depth-area-volume (morphology) of drained depressions from any DEM of arbitrary 
resolution and size. The algorithm was then applied over the entirety of the DML-IA. Maximum 
inundation areas, volumes, and depths were each identified to follow a power-low distribution. 
We found that small, shallow basins comprise the majority of the depressions for the region; 
80% of the total 223,919 unique depressions were found to be less than 1 ha in size. However, 
despite their prevalence, these small depressions comprise only approximately 25% of the total 
area identified as closed depressions, and only 10% of the total potential depressional flood 
storage capacity for the region. Correspondingly, most of the depressional flood storage potential 
is contained within only approximately 20% of the delineated depressions. The datasets 
developed in this work could be used in models of depressional fill-spill dynamics and surface 
flow routing across a wide range and provide significant information regarding the flood storage 
potential of depressions (Shaw et al 2013).  
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APPENDIX CODE 
The following python code comes as two files (funcs.py and runscript.py) which would 
ideally be located in a folder named SDMT. funcs.py contains all of the functions needed for all 
of the depressional delineation and morphology derivation. runscript.py is an example 
implementation of the functions defined in funcs.py. Future work will be done to implement the 
SDMT algorithm and code as an ArcGIS Desktop toolbox. 
funcs.py 
1. """  
2. Created on Tue Jul 11 13:10:51 2017  
3.   
4. @author: smmcdeid  
5.   
6. This module contains all of the functions necessary to delineate the depressional  
7. features and to derive their morphology, resulting in a morphology table of the  
8. input DEM.  
9. """   
10. import arcpy   
11. import os   
12. import time   
13. import datetime   
14. import numpy as np   
15. import pandas as pd   
16.    
17. def printhoursminutes():   
18.     now = datetime.datetime.now().strftime('%H:%M.%S')   
19.     return now   
20.    
21. def fill(bareras, threshold=None):   
22.     """Uses the Spatial Analyist Fill Sinks geoprocessing tool to, you guessed  
23.     it, fill all the sinks!  
24.       
25.     Parameters:  
26.         inputDEM : str  
27.             Path to the DEM to be processed  
28.         threshold : double  
29.             Maximum elevation difference between a sink and it's pour point to  
30.             be filled.  
31.     Returns:  
32.         fillras : raster  
33.             The filled surface  
34.     """   
35.     cwd = os.getcwd()   
36.     filledras = arcpy.sa.Fill(bareras, z_limit=threshold)   
37.     if threshold == None:   
38.         filledname = 'filled.img'   
39.     else:   
40.         filledname = 'filled_' + str(threshold) + '.img'   
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41.     filledras.save(filledname)   
42.     os.chdir(cwd)   
43.     return filledras   
44.        
45. def subtract(bareras, filledras):   
46.     """  
47.     Parameters:  
48.         bareras: raster  
49.             bare earth raster  
50.         filledras: raster  
51.             filled raster  
52.               
53.     Returns:  
54.         diffras : raster  
55.             raster surface containing depressional depths  
56.     """   
57.     diffras = filledras - bareras   
58.     diffras.save('diff.img')   
59.     return(diffras)   
60.    
61. def justsubtract(unfilledRaster, filledDEM):   
62.     """  
63.     Parameters:  
64.         unfilledRaster : raster  
65.             raster (probably as output by startup())  
66.         filledDEM : str  
67.             Path to filledDEM  
68.       
69.     Returns:  
70.         diffraster : raster  
71.             It's a raster object! Who know!?  
72.         diffname : str  
73.             Yeah... this probably isn't needed but I'm going with it anyway.  
74.     """   
75.     print('\nRunning justsubtract functions...' + printhoursminutes())   
76.     time1 = time.time()   
77.     filledRaster = arcpy.sa.Raster(filledDEM)   
78.     diffraster = filledRaster - unfilledRaster   
79.     diffraster.save('diff.img')   
80.     time2 = time.time()   
81.     elapsed = time2 - time1   
82.     print('justsubtract function runtime:\n' + str(elapsed) + '\n')   
83.     return(diffraster, 'diff.img')   
84.        
85.    
86. def fill_and_subtract(inputDEM,threshold=None):       
87.     """SA Fill Sinks  
88.       
89.     Parameters:  
90.         inputDEM : str  
91.             Path to the DEM to be processed  
92.         threshold : double  
93.             Maximum elevation difference between a sink and its pour point to  
94.             be filled.  
95.               
96.     Returns:  
97.         sa_diffRas : raster  
98.             It's a raster  
99.         sa_diffName : str  
100.             It's the unicode representation of the raster  
101.     """   
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102.     print("\nRunning fill_and_subtract function..." + printhoursminutes())       
103.     # fill sinks and find difference   
104.     sa_fillRas = arcpy.sa.Fill(inputDEM,z_limit=threshold)   
105.     sa_fillRas.save('filled.img')   
106.     sa_diffRas = sa_fillRas - inputDEM   
107.     # name dependant on if threshold argument was entered   
108.     if threshold == None:   
109.         sa_diffName = ("sa_diff_noThresh.img")   
110.     else:   
111.         sa_diffName = ("sa_diff_" + str(threshold) + ".img")   
112.     sa_diffRas.save(sa_diffName)   
113.     print('end fill_and_subtract: ' + printhoursminutes() + '\n')   
114.     return(sa_diffRas, sa_diffName)   
115.    
116. def depressionregions(inputDepressionsRaster,numberNeighbors="FOUR",zoneConnecti
vity="WITHIN",   
117.                       pixelCountThresh=None, dissolve=False, simplify=False):   
118.     """Uses only raster analysis to get depression regions (instead of polygons)
  
119.       
120.     Parameters:  
121.         inputDepressionsRaster : raster  
122.             Raster containing depressional depths. This is probably named  
123.             sa_diff...img or diff.img  
124.         numberNeighbors : str  
125.             From arcpy.sa.RegionGroup: The number of neighboring cells to use  
126.             in evaluating connectivity between cells (FOUR OR EIGHT).  
127.         zoneConnectivity : str  
128.             From arcpy.sa.RegionGroup: Defines which cell values should be   
129.             considered when testing for connectivity.  
130.         pixelCountThresh : str  
131.             Not currently in use. Would be used to determine the minimum number  
132.             of cells in each depression to consider.  
133.         dissolve : bool  
134.             If set to true, the polygon feature will be dissolved based on the  
135.             "GRIDCODE" field.  
136.         simplify : bool  
137.             If set to true, depression polygon feature will have simplified edge
s,  
138.             otherwise the feature will stay true to the raster.  
139.               
140.     Returns:  
141.         setNullZones : raster  
142.             Is a raster containing unique IDs for each depression.  
143.     """   
144.     cwd = os.getcwd()   
145.     print("Running depressionsregions function...")   
146.     print('depressionregions: ' + printhoursminutes())   
147.     if simplify == True:   
148.         simplify = "SIMPLIFY"   
149.     else:   
150.         simplify = "NO_SIMPLIFY"   
151.     addLink="NO_LINK"   
152.     excludeValue=0   
153.     print('make boolraster: ' + printhoursminutes())   
154.     boolraster = inputDepressionsRaster > 0   
155.     print('region group: ' + printhoursminutes())   
156.     outputZones = arcpy.sa.RegionGroup(boolraster,numberNeighbors,zoneConnectivi
ty,addLink,excludeValue)    
157.     if pixelCountThresh: # If pixel value is specified, get rid of deps smaller 
than pixelCountThresh   
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158.         outputZones = arcpy.sa.Con(outputZones,outputZones,0,"Count > " + str(pi
xelCountThresh))   
159.     # set 0 to null, create polygons and centroids   
160.     setNullZones = arcpy.sa.SetNull(outputZones, outputZones,"VALUE = 0")   
161.     if dissolve == True:   
162.         arcpy.RasterToPolygon_conversion(setNullZones, "DepPolys_nd.shp", "NO_SI
MPLIFY", "VALUE")   
163.         deppolys = arcpy.Dissolve_management("DepPolys_nd.shp", "DepPolys_dis.sh
p", "GRIDCODE")   
164.     else:   
165.         deppolys = arcpy.RasterToPolygon_conversion(setNullZones, "DepPolys.shp"
, "NO_SIMPLIFY", "VALUE")   
166.     arcpy.FeatureToPoint_management(deppolys,"DepCentroids.shp","CENTROID")   
167.     arcpy.MakeFeatureLayer_management("DepCentroids.shp","centroids_lyr")   
168.     setNullZones.save("depIDs.img")   
169.     print('end depressionsregions: ' + printhoursminutes())   
170.     os.chdir(cwd)   
171.     return(setNullZones)   
172.    
173. def combo(diff_ras, inputZones, csv_output=True):   
174.     """  
175.     Takes a depth raster with a zones raster (depressions ID raster) to create  
176.     a table combining every depression's ID to every unique depth value within  
177.     said depression. Resulting output is a combo raster and a combo table when  
178.     csv_output is set to True.  
179.       
180.     Parameters:  
181.         diff_ras: raster  
182.             Depressions depth raster object  
183.         inputZones: raster  
184.             Depressions ID raster object  
185.         csv_output=True: bool  
186.             Default behavoir is to export the combo raster to a table format.  
187.             The table is what is needed by the morph function to derive the  
188.             area and volume. This is here only for testing purposes.  
189.       
190.     Returns:  
191.         combined: raster  
192.             Always outputs this  
193.         combo_table: csv  
194.             Optional output  
195.               
196.     """   
197.     cwd = os.getcwd()   
198.     combined = arcpy.sa.Combine([diff_ras, inputZones])   
199.     combotv = arcpy.MakeTableView_management(combined)   
200.     diff_ras.save('diff.img')   
201.     os.chdir(cwd)   
202.     if csv_output == True:   
203.         combo_table = arcpy.TableToTable_conversion(combotv, os.getcwd(), 'combo
table.csv')   
204.         combo_csv = os.getcwd() + '\\combotable.csv'   
205.         os.chdir(cwd)   
206.     if csv_output == True:   
207.         os.chdir(cwd)   
208.         return combined, combo_csv   
209.     else:   
210.         os.chdir(cwd)   
211.         return combined   
212.    
213. def morph(input_csv, output_csv, cellarea):   
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214.     """This is a functional implimentation of the pandas depstats that David  
215.     worked up.   
216.       
217.     Parameters:  
218.         input_csv : str  
219.             path to the csv to be processed  
220.         output_csv : str  
221.             Path and name of the output csv  
222.         cellarea : int or double  
223.             Area which would be the result of the product of raster x and y of   
224.             original raster  
225.     """   
226.     print('Start morph: ' + printhoursminutes())   
227.     data = pd.read_csv(input_csv,    
228.                        dtype = {'OID':np.int32,'VALUE':np.int32,'COUNT':np.int32
,'DIFF':np.int32,'DEPIDS':np.int32})   
229.     data=data.drop('OID',axis=1)   
230.     data=data.drop('VALUE',axis=1)   
231.     data.sort_values(['DEPIDS','DIFF'], ascending=[True,False],inplace=True)   
232.     data.set_index(['DEPIDS'])   
233.     data['DIFF'] = data['DIFF']/100.0   
234.     data_grouped = data.groupby(['DEPIDS'])   
235.        
236.     data['DEPTH_REV'] = data_grouped['DIFF'].apply(lambda x: x.max() - x + x.min
())   
237.     data['DEPTHS_DIFF'] = data_grouped['DEPTH_REV'].apply(lambda x: x.diff().fil
lna(method='bfill'))   
238.     data['AREA'] = data['COUNT']*cellarea   
239.     data['AREA_CUM'] = data_grouped['AREA'].apply(lambda x: x.cumsum())   
240.     data['AREA_CUM_SHIFTED'] = data_grouped['AREA_CUM'].shift(1).fillna(method='
bfill')   
241.     data['VOLUME'] = data['AREA_CUM_SHIFTED']*data['DEPTHS_DIFF']   
242.     data['VOLUME_CUM'] = data_grouped['VOLUME'].apply(lambda x: x.cumsum())   
243.     data.to_csv(os.getcwd() + '\\' + output_csv)   
244.     print('end morph: ' + printhoursminutes())   
runscript.py 
1. # -*- coding: utf-8 -*-   
2. """  
3. Created on Tue Jul 11 13:10:51 2017  
4.   
5. @author: smmcdeid  
6.   
7. This module is an example implimentation of the SDMT functions as defined in  
8. the funcs.py module.  
9. """   
10. import os   
11. import arcpy   
12. import datetime   
13. import sys   
14. from path import Path   
15. import funcs   
16. start = datetime.datetime.now().strftime('%Y%m%d_%H%M%S')   
17. #==============================================================================   
18. # Setup variables   
19. #==============================================================================   
20. bareDEM = r"put path to bare earth digital elevation model here"   
21. outdir = r"put path to the desired output location here"   
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22. #==============================================================================   
23. # Setup Environment   
24. #==============================================================================   
25. bareras = arcpy.Raster(bareDEM)   
26. arcpy.env.snapRaster = bareras   
27. cellarea = bareras.meanCellHeight * bareras.meanCellWidth   
28. arcpy.CheckOutExtension("Spatial")   
29. arcpy.env.overwriteOutput = True   
30. arcpy.env.workspace = outdir   
31. if os.path.isdir(outdir + r'\scratch') == False:   
32.     os.mkdir(outdir + r'\scratch')   
33. arcpy.env.scratchWorkspace = outdir + r"\scratch"   
34. os.chdir(outdir)   
35. #==============================================================================   
36. # Runcode   
37. #==============================================================================   
38. fillras = funcs.fill(bareras)   
39. diffras = funcs.subtract(bareras, fillras)   
40. zones = funcs.depressionregions(diffras)   
41. combo, combo_table = funcs.combo(diffras, zones, csv_output=True)   
42. funcs.morph(combo_table, 'morphology.csv', cellarea)   
43. #==============================================================================   
44. # Cleanup   
45. #==============================================================================   
46. arcpy.CheckInExtension('Spatial')   
